While the focus of this work is on the relationship between participation in knowledge communities and career development, we note that potential biases could result from a practice that is fairly popular in the IT service industry: the use of temporary, or short-term, contract-based IT labor from IT outsourcing service companies. We observed in our sample that a small fraction of individuals of foreign origin (mostly from India) frequently change their jobs (usually multiple times during a year) and are possibly employees of some IT staffing/outsourcing companies that provide IT consulting and services to clients on a project basis. While there is no perfect way to identify the temporary contract workers, we removed those who have obtained educational degrees exclusively from institutes outside the United States (as most IT offshore contractors are educated outside the United States), who are associated with an IT outsourcing company at some point in their careers, and who have changed jobs at least three times during a one-year period.
Appendix B Addressing Sample Selection Bias
Another source of potential bias in our estimation comes from sample selectivity. An individual's decision to participate in the SAP Community Network is likely to be endogenous, and therefore the assignment of treatment (the activities of participation in the SCN) is not random. If individuals self-select to participate in the SCN, and the error term in the participation model (such as unobserved innate ambition or capability) is correlated with the error term in the outcome model, it would produce a selectivity bias. To detect such estimation bias, we need a sample that consists of not only individuals who choose to be the SCN users, but also IT professionals who do not participate. Therefore, we construct a matching sample similar to the set of individuals in the main sample from LinkedIn. Specifically, for each individual in our sample, we search on LinkedIn to find a matching IT professional who was employed by the same company in the same job function, and had a similar position in 2004, the starting year of the sample period (or in the first year the individual entered the sample if there is late entry), but did not participate in the SAP Community Network. If an exact match (the combination of company and position) cannot be found, we find a matching professional who had a similar job function and position but was employed by a company of similar size, in the same industry and same geographic location. This results in an augmented sample with 1,779 individuals and 13,136 observations. Notes: Endogenous treatment-effects model reported. ***p < 0.01; **p < 0.05; *p < 0.1.
To address the sample selection bias, we adopted the two-step treatment effects model developed by Maddala (1983) , which estimates a firststage probit model of the treatment equation and then incorporates the estimated hazard in a second-stage outcome equation. We present the results of the treatment effects model in Table B1 . The estimate from the second-stage outcome model indicates that there is no systematic selectivity bias (selectivity correction λ = -0.09, p = 0.355). More importantly, correcting for sample selection bias, our major results still hold, and the estimated marginal effects of contribution and learning on job-hopping are smaller compared to the uncorrected models.
Appendix C Additional Robustness Tests
We performed a series of additional tests to probe the robustness of our results with regard to model assumptions and alternative measures of some of the key variables. First, the inclusion of SAP employees in the sample of analyses might introduce estimation bias because they may systematically behave differently from other SCN participants, for example making substantially higher contribution than average users. We rerun the models using an alternative sample that excludes all SAP employees, and present the results in Column 1 (hazard model) and Column 2 (fixed effects linear probability model) in Table C1 . We find our results still hold.
Second, one potential source of estimate bias may come from the mis-measurement of the contribution/learning variables, if the knowledge seeker lacks the expertise to judge the quality of the answers, or rewards too many knowledge contributors by marking their posts as helpful (since, unlike correct answers and very helpful answers, there is no limit on the number of helpful answers per thread). If such measurement errors exist, they would most likely result in an attenuation bias in the estimates. However, to assess how measurement error might influence our results, we perform a separate analysis using alternative measures of the contribution/learning variables. Specifically, we construct the variables by simply counting the number of questions that are resolved (questions that received either a correct answer or at least a very helpful answer), without weighting them by reward points. We present the results of the Cox proportional hazard model and the fixed effects linear probability model in Column 3 and 4 of Table C1 . We show that our findings are robust to this alternative way of measuring the participation activities.
Third, although the Cox hazard model has been commonly used in the literature because of its flexibility, the estimates are not always efficient when compared with full parametric models, if the underlining baseline hazard function is known (Cameron and Trivedi 2005) . We test an alternative parametric survival model specification using the popular exponential hazard function, and the results are presented in Columns 5 of Table C1 . They provide further evidence that our results are robust to different model assumptions.
Finally, an increasingly popular approach of estimating longitudinal binary response data that accounts for unobserved heterogeneity is the generalized estimating equations (GEE) method (Wooldridge 2002) . With a population-averaged approach, the coefficients of GEE estimate describe how the population-averaged response rather than one individual's response is conditioned on the covariates. In this way, the response for a given covariate is estimable without assumptions about the heterogeneity across individuals in the parameters. In Columns 6 of Table  C1 we present results from a model of the population-averaged GEE estimate with logistic link function to test the main effects of learning/contribution on job-hopping. Again, we find that the results are consistent with those of our baseline models. Notes: Cox proportional hazard models in Columns 1 and 3. Linear probability model with fixed effects in Column 2 and 4. Parametric hazard models with exponential hazard in Columns 5. Population-averaged panel data GEE models with logistic link function in Columns 6. Robust standard errors in parentheses where applicable. All models include industry, firm size and firm type dummies. ***p < 0.01; **p < 0.05; *p < 0.1, † p < 0.15.
